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Aim:  Improvement  in  predicting  survival  after  out-of-hospital  cardiac  arrest  is  of  major  medical,  scientiﬁc
and  socioeconomic  interest.  The  current  study  aimed  at developing  an  accurate  outcome-prediction  tool
for  patients  following  out-of-hospital  cardiac  arrests.
Methods:  This  retrospective  cohort  study  was  based  on  a cardiac  arrest  registry.  From  out-of-hospital
cardiac  arrest  patients  (n = 1932),  a set  of  variables  established  before  restoration  of spontaneous  circula-
tion  was  explored  using  multivariable  logistic  regression.  To  obtain  reliable  estimates  of  the  classiﬁcation
performance  the patients  were  allocated  to  training  (oldest  80%)  and  validation  (most  recent  20%)  sets.
The main  performance  parameter  was  the  area  under  the  ROC  curve  (AUC),  classifying  patients  into
survivors/non-survivors  after  30 days.  Based  on  rankings  of  importance,  a subset  of  variables  was  selected
that  would  have  the  same  predictive  power  as the entire  set. This  reduced-variable  set was  used  to derive
a comprehensive  score  to  predict  mortality.
Results:  The  average  AUC  was  0.827  (CI 0.793–0.861)  for a logistic  regression  model  using  all  21 vari-
ables.  This  was  signiﬁcantly  better  than  the  AUC  for any single  considered  variable.  The total  amount  of
adrenaline,  number  of  minutes  to sustained  restoration  of  spontaneous  circulation,  patient  age  and  ﬁrst
rhythm  had  the  same  predictive  power  as all 21  variables.  Based  on  this  ﬁnding,  our score was  built  and
had  excellent  predictive  accuracy  (the  AUC  was 0.810),  discriminating  patients  into  10%,  30%,  50%,  70%,
and  90%  survival  probabilities.
Conclusion:  The  current  results  are  promising  to increase  prognostication  accuracy,  and  we  are  conﬁdent
that  our  score  will  be helpful  in the daily  clinical  routine.
©  2014  The  Authors.  Published  by Elsevier  Ireland  Ltd.  This  is an open  access  article  under  the CC. Introduction
Out-of-hospital cardiac arrest is one of the major health prob-
ems in the world with a global incidence of 55 adult out-of-hospital
ardiac arrests per 100.000 person-years and a poor survival rate
f between 2% and11%.1 Despite considerable effort over the last
ecades,2–4 a valid and applicable scoring system to assess patient
urvival after out-of-hospital cardiac arrest is not available. Hence,
ealthcare professionals are required to base crucial decisions on
heir own experience and impressions, which have been shown
o have limited accuracy.5 Accurate risk prediction in the out-of-
ospital cardiac arrest population is of great value. It can facilitate
 A Spanish translated version of the summary of this article appears as Appendix
n  the ﬁnal online version at http://dx.doi.org/10.1016/j.resuscitation.2014.06.007.
∗ Corresponding author.
E-mail address: fritz.sterz@meduniwien.ac.at (F. Sterz).
ttp://dx.doi.org/10.1016/j.resuscitation.2014.06.007
300-9572/© 2014 The Authors. Published by Elsevier Ireland Ltd. This is an open acc
y-nc-sa/3.0/).BY-NC-SA  license  (http://creativecommons.org/licenses/by-nc-sa/3.0/).
conversations with families, enable quality-of-care assessments
and improve research due to precise patient stratiﬁcation.
The objective of the current study was  to improve outcome pre-
diction after cardiac arrest, to compare a multivariable approach
with a univariable approach and to assess possible nonlinear
dependencies between variables and outcomes. The variables ana-
lysed in the current study encompassed patient characteristics as
well as resuscitation characteristics. In the end, we  wanted to iden-
tify the variables with the highest predictive power to derive an
out-of-hospital cardiac arrest prediction score.
2. Methods
The current study is based on a prospectively designed and con-
ducted cardiac arrest registry. Since 1991 the registry, approved
by the institutional ethical review board, included more than 4200
patients who  were resuscitated following cardiac arrest and who
were admitted to the department of emergency medicine at a large
university hospital.
ess article under the CC BY-NC-SA license (http://creativecommons.org/licenses/
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Table 1
List of all variables analysed. Variables marked with an asterisk (*) were only available for witnessed out-of-hospital cardiac arrest patients.
Variable name Description Value Scale
sex Sex of the patient Male = 0, female = 1 Binary
age  Age of the patient In years, at the time of cardiac arrest Metric
bmi  Body mass index Weight (kg)/size (m2) Metric
diabetes Previous diagnosis of diabetes Diabetes = 1, no diabetes = 0 Binary
smoker Patient is an actual smoker Smoker = 1, non-smoker = 0 Binary
myocinfarct Patient previously had a myocardial
infarction
Infarction = 1, no infarction = 0 Binary
cad  Previous diagnosis of coronary artery
disease
CAD = 1, no CAD = 0 Binary
hypertension Previous diagnosis of hypertension Hypertension = 1, no hypertension = 0 Binary
heartfail Previous diagnosis of heart failure Heart failure = 1, no heart failure = 0 Binary
cvi  Previous diagnosis of cerebral vascular
insufﬁciency
CVI = 1, no CVI = 0 Binary
copd  Previous diagnosis of chronic
obstructive pulmonary disease
COPD = 1, no COPD = 0 Binary
opcpre OPC score prior to cardiac arrest Score 1–5 Ordinal, treated as
metric
nyhapre NYHA score prior to cardiac arrest Score 1–5 Ordinal, treated as
metric
noﬂow* Minutes between cardiac arrest and
ﬁrst aid (length of “no ﬂow” time)
In minutes Metric
min2srosc* Minutes between cardiac arrest and
return of spontaneous circulation
In minutes Metric
cause  Main cause of cardiac arrest Cardiac reason = 1, non-cardiac = 0 Binary
ﬁrstaid* First aid performed by physician,
family member, paramedic or layman
Physician, family member, paramedic
or layman = 1, other or none = 0
Binary
nodeﬁ Number of deﬁbrillation shocks Total count of shocks applied Metric
adrenaline Amount of adrenaline administered Total amount (in mg)  Metric
shockable Shockability of rhythm at ﬁrst
deﬁbrillation
Shockable = 1, non-shockable = 0 Binary
deﬁreaction Reaction to the ﬁrst deﬁbrillation Not shockable = 0, shockable and VT/VF
(as reaction to ﬁrst deﬁ) = 1, shockable
and PEA = 2, shockable + asystole = 3,
shock-
able + SR/RHY/SVES/VES/AVES + no
pulse = 4, shockable + pulse = 5
Ordinal, treated as
metric
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tcpc30d CPC score 30 days after cardiac arrest 
mortality Mortality 30 days following cardiac
arrest
Cardiac arrest was deﬁned as the absence of signs of circulation.
reatment of patients until restoration of spontaneous circulation
nd post-resuscitation care were given according to international
uidelines and recommendations.6
.1. Data source
The data for all of the patients were prospectively docu-
ented according to the “Utstein Style Criteria”, which are the
ecommended guidelines for cardiac arrest and cardiopulmonary
esuscitation outcome reports.7 These guidelines include struc-
ured protocols on demographic factors, chronic pre-arrest health
onditions, and resuscitation. The data on the out-of-hospital car-
iac arrests were documented on case report forms and entered
nto the cardiac arrest registry by specially trained study nurses
r physicians. Range and consistency checks were performed. The
ata were obtained through communication with the dispatch
entre, the emergency physicians and paramedics on the scene,
ystanders, relatives, and if possible, the patients themselves.
.2. Selection of participants
The study population included all patients who were success-
ully resuscitated following out-of-hospital cardiac arrest and who
ere admitted to our department between 2000 and 2012.This
omprises a total of 1932 cases. Older data was not included in
rder to avoid a bias due to major changes in practice (e.g. standard
nclusion of therapeutic hypothermia) around the turn of the cen-
ury.Score 1–5 Ordinal
If cpc30d = 5: 1, otherwise: 0 Binary, target variable
2.3. Outcome and predictors
Twenty-one variables determined prior to the return of sponta-
neous circulation were selected and deemed to have high statistical
power to predict survival after 30 days (Table 1).
2.4. Statistical method
We  chose the framework of machine learning as the most appro-
priate to address all of the questions aimed at by this study. This
approach, in particular, entailed the following (see also Fig. 1).
We ﬁrst split the available data set of 1932 out-of-hospital car-
diac arrest cases into a training set—to be used for optimising the
prediction and selecting the most predictive variables—and a vali-
dation set—to be used for validating the ﬁnal prediction tool. To
simulate a prospective validation we  performed this split along the
time axis. For the training set, we selected the oldest roughly 80%
(1533) cases while holding out the remaining, most recent, 399
cases for the validation set. The ratio of cases in the training set vs.
cases in the validation set was about 4:1, as is common in machine
learning.
Subsequently, the training and validation sets were divided
into witnessed out-of-hospital cardiac arrests, and non-witnessed
out-of-hospital cardiac arrests. Only those out-of-hospital cardiac
arrest patients were selected for whom all 21 (or 18, for the non-
witnessed out-of-hospital cardiac arrests) variable values were
available. In other words, missing data were treated by omitting
the entire case affected. All of the subsequent steps of analysis
were performed independently on the two separate training and
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+ 0.1528 × adrenaline (1)Fig. 1. Flow diagram of the number of cases at the different analysis phases.
alidation sets of witnessed and non-witnessed out-of-hospital
ardiac arrest patients, respectively. At ﬁrst, we  normalised all
f the variables in the training set (including the binary ones)
o zero means and unit standard deviations, mainly to make the
oefﬁcients in the linear logistic regression comparable to each
ther. Afterwards, we subjected all of the prediction methods to a
0-fold cross-validation using the training set. This means that we
ivided the training data set into 10 partitions, applied each classi-
cation method 10 times to the data from 9 partitions, and used the
espective 10th partition to test the performance. From this series
f 10 classiﬁcation tasks, we derived conﬁdence interval ﬁgures
or all of the performance parameters in a straightforward manner
sing the mean of each parameter and its respective standard error
f the mean. Then, we followed standard practice semi-heuristic
ethods for feature selection based on a ranking of the variables
ccording to single prediction performance and the absolute value
f the coefﬁcient in the linear logistic regression. The main perfor-
ance parameter was the area under the curve (AUC) of the ROC
urve when viewing the problem as a two-class classiﬁcation prob-
em. Note that this approach is identical to standard C statistics in
 dichotomous classiﬁcation. For comparing nonlinear and linear
ethods, we used a standard linear logistic regression in terms of
 perceptron with sigmoid outputs for the former and multilayer
erceptrons (neural networks) with one hidden layer for the latter.
sing the criteria mentioned above, the minimum set of variables
as selected that showed the same performance on the training
et as the entire set. To avoid selection bias in the estimation using
he reduced set of variables, the cross-validation of the regression
odels was then repeated using all of the cases for which the val-
es of the reduced set of variables were available. The ﬁnal logistic
egression formula for this variable subset (an average over all 10
odels from the cross-validation) was then used to derive a sim-
liﬁed score by assigning points to value ranges of each variable
uch that those points can easily be added without a calculator and
ompared to a table of score ranges to yield one of ﬁve possible
robabilities for mortality: 0.1, 0.3, 0.5, 0.7, or 0.9. The ﬁnal classi-
ers, both with the full and reduced sets of variables as well as the
erived score, were then validated on the validation sets.
. Results.1. Study population
After selecting the data based on the chosen variables,
he ﬁnal training set included 1068 patients with witnessedn 85 (2014) 1225–1231 1227
out-of-hospital cardiac arrests and 174 patients with non-
witnessed out-of-hospital cardiac arrests. The corresponding
validation sets contained 291 witnessed out-of-hospital cardiac
arrest patients and 25 non-witnessed out-of-hospital cardiac arrest
patients, respectively. The training sets and the validation sets were
comparable regarding patients’ characteristics in terms of the cho-
sen variables, as displayed in Table 2 for the witnessed cases and
(supplementary data) for the non-witnessed ones.
3.2. Prediction of mortality
The best prediction results could be achieved with simple linear
logistic regression. The average AUC (the mean over 10 cross-
validation runs, as measured for each of the 10 hold-out sets) was
0.827 (CI 0.793–0.861) for witnessed out-of-hospital cardiac arrest
and 0.713 (CI 0.587–0.838) for non-witnessed out-of-hospital car-
diac arrest. These results were consistently better (or at least were
not signiﬁcantly worse) than any neural network (multilayer per-
ceptions with 2–10 hidden units) that was tested (results not
shown). Therefore, all of the remaining results reported concern
the linear predictor version.
For witnessed out-of-hospital cardiac arrests, the total AUC
using all of the variables was signiﬁcantly better than the AUC  for
any single considered variable (see Fig. 2). This was  not the case for
non-witnessed out-of-hospital cardiac arrests, for which prediction
on the single variable adrenaline achieved a mean AUC  of 0.780 (CI
0.650–0.802) (see supplementary ﬁles). Although this appears to
be better than prediction using all of the variables (see Fig. 2B), it
was not signiﬁcantly different based on a two-tailed paired t-test
with  ˛ = 0.05. For witnessed out-of-hospital cardiac arrests, the sin-
gle most predictive variable was  also adrenaline (AUC: 0.730 [CI
0.689–0.772]).
3.3. Ranking and selection of variables
The right side of Figs. 2 depicts a ranking of the variables by
absolute value of regression coefﬁcient for witnessed and non-
witnessed out-of-hospital cardiac arrest patients, respectively. For
witnessed cases, the ranking of the variables in Fig. 2A was gen-
erated by selectively including variables one by one, beginning
with the variable with the highest regression coefﬁcient, minutes
to SROSC, and comparing the performances of the limited num-
ber of variable predictors with the prediction based on all of the
variables. The result is shown in Fig. 2B. For non-witnessed cases,
the same type of analysis was not possible, given that the single
most predictive variable, adrenaline, was  not statistically inferior
to using all of the variables.
3.4. The score
From Fig. 2B, it can be concluded that using the four variables
min2srosc, age, shockable,  and adrenaline,  one achieves practically
the same prediction performance as using all 21 variables. There-
fore, these four variables were used to devise the main prediction
score. There were two  ways of carrying out this step. The ﬁrst was
to use the ﬁnal logistic equation—after repeating model estima-
tion with an extended training set of n = 1095 and the reversal of
the original normalisation of each variable—to yield the following
values of the regression
Y = 0.0284 × min  2srosc + 0.0355 × age − 1.4608 × shockablewhere adrenaline,  min2srosc shockable and age are numerical val-
ues. Via the logistic function, probabilities for mortality can be
assigned to different ranges of Y as follows:
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Table 2
Descriptive statistics of all variables for witnessed out-of-hospital cardiac arrest patients in the training (n = 1068) and validation (n = 291) sets.
Training set Median 25% percentile 75% percentile Percent 1 Percent 0
sex 27.53% 72.47%
age  59 49 69 0 0
bmi  26.12 23.88 29.22 0 0
diabetes 16.20% 83.80%
smoker 30.90% 69.10%
myocinfarct 12.92% 87.08%
cad  21.91% 78.09%
hypertension 32.21% 67.79%
heartfail 11.05% 88.95%
cvi  5.99% 94.01%
copd  9.74% 90.26%
opcpre 1 1 1
nyh5pre 1 1 2
noﬂow 1 0 6.5
min2srosc 20 10 30
cause 69.76% 30.24%
ﬁrstaid 34.18% 65.82%
nodeﬁ 2 0 4
adrenaline 2 0 4
deﬁreaction 1 0 2
shockable 59.83% 40.17%
cpc30d 3 1 5
mortality 39.89% 60.11%
Test  set Median 25% percentile 75% percentile Percent 1 Percent 0
sex 27.84% 72.17%
age  61 50 71
bmi  26.23 24.11 29.41
diabetes 20.62% 79.38%
smoker 31.62% 68.39%
myocinfarct 14.09% 85.91%
cad  24.74% 75.26%
hypertension 41.92% 58.08%
heartfail 14.78% 85.22%
cvi  4.81% 95.19%
copd  6.53% 93.47%
opcpre 1 1 2
nyh5pre 1 1 2
noﬂow 1 0 5
min2srosc 19 12 32
cause 62.54% 37.46%
ﬁrstaid 49.49% 50.52%
nodeﬁ 1 0 3
adrenaline 1 0 3
deﬁreaction 1 0 2
Y
0
a
T
b
o
r
i
t
3
d
s
o
b
i
tshockable 
cpc30d 3 1 
mortality 
Table.if Y < 1.3320thenp(mortality) = 0.1else if
 < 2.3129thenp(mortality) = 0.3else if Y < 3.1238thenp(mortality) =
.5else if Y < 4.1046thenp(mortality) = 0.7elsep(mortality) = 0.9
The second, simpliﬁed version of the score was  derived by
ssigning simple point values to several subranges of each variable.
he best subranges and associated points were found heuristically
y roughly dividing the entire range of each variable into subranges
f approximately equal numbers of cases. Points were chosen to be
ound numbers after multiplying the original score by 10. Follow-
ng an optimisation of the thresholds and points assigned using the
raining set, the ﬁnal scoring system was as shown in Table 3.
.5. Validation
The area under the ROC curves for prediction using the vali-
ation set (n = 297 after including cases that had missing values on
ome of the other, no longer needed, variables) was 0.827 for all
f the variables and 0.810 for the best four variables, which were
oth within the conﬁdence interval estimated based on the train-
ng set. Fig. 3 depicts the ROC curve of the regression formula (1) on
he validation set (left panel), as well as a comparison of predicted54.30% 45.70%
5
42.27% 57.73%
probabilities and true frequencies of mortality on the validation set
when using the simpliﬁed score (right panel).
4. Discussion
In the current study, we have created a simple prediction tool
for initial survivors of out-of-hospital cardiac arrest. The num-
ber of minutes to sustained return of spontaneous circulation, the
age of the patient, the ﬁrst rhythm, and the amount of adrenaline
administered were shown to have high statistical power to accu-
rately predict survival after 30 days in out-of-hospital cardiac arrest
patients. Note that despite the fact that amount of adrenaline
and minutes to sustained return of spontaneous circulation are
correlated (r = 0.4, p < 0.001), both variables appear to provide inde-
pendent information regarding mortality. To enable quick and
simple prediction immediately after sustained spontaneous circu-
lation, we converted these results into an applicable bedside tool
that allows discrimination between 10%, 30%, 50%, 70% and 90%
survival probabilities for out-of-hospital cardiac arrest patients.
However, for our prediction tool, we  considered suggested
methodological standards for the development and evaluation
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Fig. 2. (A) Results for witnessed out-of-hospital cardiac arrest patients. Top panel: mean areas under the ROC curve (AUC, blue squares) together with 95% conﬁdence
intervals (horizontal lines) for a multivariable prediction using all variables (“all”) compared with univariate predictions using each individual variable, ranked by mean AUC.
Bottom  panel: mean coefﬁcients (blue squares) for each variable in a multivariable logistic regression using all variables, ranked by absolute value of the coefﬁcient. Positive
coefﬁcients correspond to a positive contribution towards the probability of death; negative coefﬁcients correspond to a negative contribution. (B) Results for witnessed
out-of-hospital cardiac arrest patients. Mean AUC (blue quadrate) and corresponding conﬁdence intervals (horizontal lines) for the prediction based on the combination of
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lhe  k best variables are given. Each square corresponds to the prediction performan
s  the performance when all of the variables are used. (For interpretation of the re
rticle.)
f prediction scores.8 To our knowledge, this is the ﬁrst out-of-
ospital cardiac arrest prediction score that has been developed
rom such a large cohort and that can be calculated immediately
fter the restoration of sustained spontaneous circulation with-
ut the need for laboratory markers. Patients included in our study
ad to survive the initial resuscitation because we wanted to focus
n the post-spontaneous circulation period and not on the resus-
itation time-span like other published scores.9,10 The fact that
nly four variables are needed to assess the out-of-hospital car-
iac arrest survival probability makes the tool easily applicable and
linically useful.
Previous risk assessments predominantly focused on single fac-
ors to predict the survival of out-of-hospital cardiac arrest patients,
.g., witnessed or non-witnessed cardiac arrest, bystander cardio-
ulmonary resuscitation, age or primary rhythm,11–14 but had little
mpact on individual survival prediction.
The results of the current study demonstrate that a multivari-
ble approach assessing factors for out-of-hospital cardiac arrest
urvival prediction is superior to a univariate approach (AUC: 0.82
s. AUC: 0.704 under the ROC curve). There are only a few pub-
ished papers that have performed multivariable analyses assessingen using all of the variables from the left up to the one listed below. The last value
es to colour in this ﬁgure legend, the reader is referred to the web version of this
variables for out-of-hospital cardiac arrest survival prediction. Con-
sistent with our study, age and the time to sustained spontaneous
circulation were strong survival predictors.15,16 For several reasons
previous studies had limited clinical application. The OHACA score,
for example, requires laboratory markers and variables, includ-
ing the no-ﬂow and low-ﬂow times, which often are not easy
to distinguish and which have been shown to be less accurate.17
Other scores fail to accurately predict out-of-hospital cardiac arrest
survival18 or are based on small sample sizes and require elaborate
calculations.15
Clinical prediction rules have become popular in modern
medicine and have been recognised as powerful tools to improve
clinical decision making.19,20 For out-of-hospital cardiac arrest
patients, our outcome prediction tool can give support in conver-
sations with relatives and can help physicians choose among the
increasing number of post-cardiac arrest treatment options such
as emergency extracorporeal life support or haemodialysis. In addi-
tion to clinical beneﬁt, our tool can help to enhance the precision
of clinical research. Accurate survival estimation enables better
stratiﬁcation of patients. Selecting out-of-hospital cardiac arrest
patients according to their survival probability can therefore yield
1230 S. Aschauer et al. / Resuscitation 85 (2014) 1225–1231
Fig. 3. The ROC curve for the predictor based on the best four variables on the test
set  (n = 291, AUC = 0.810) and a scatter plot depicting the validation of the simpliﬁed
score on the extended test set. The predicted probability for death along the x-axis
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Table 3
The simpliﬁed score based on assigning points to subranges of each variable. Com-
paring the score with the thresholds below yields the probability for mortality.
Predictor Points Predictor Points
1. Age group 3. Minutes until SROSC
>80 32 >100 min 35
>70  27 >50 min 21
>50  23 >40 min 13
>60  20 >30 min 10
>40  16 >20 min 7
≤40 11 >10 min 4
>0 min 1
2.  Adrenalin administered 0 min  0
>10  mg 24
>5 mg 12 4. Shockable rhythm?
>4  mg 7 Yes −15
>3  mg 5 No 0
>2  mg 4
>1 mg 2
>0 mg 1
0 mg 0  Total score
Total score Probability for mortality
<13 10%
13–22 30%
23–30 50%
31–40 70%s  compared to the empirical relative frequency of mortality predicted in the test set
long the y-axis.
ew research knowledge and can identify new patient subgroups
hat might proﬁt from a speciﬁc treatment. However, we  want
o emphasise that we believe that it should not be used to make
nd-of-life or termination-of-resuscitation decisions.
This new score is predominately suitable for witnessed out-of-
ospital cardiac arrests. We  also looked for predictive variables
n the non-witnessed population, and we found that the single
ariable adrenaline is as good as consideration of all 18 variables
egarding outcome prediction. Unfortunately, it was not possible to
erive a robust survival prediction score for non-witnessed out-of-
ospital cardiac arrests, which can be explained by the ambiguous
nset time of the out-of-hospital cardiac arrest.
In future we  want to focus on improvement of the tool’s predic-
ion accuracy. Beside external validation, we want to incorporate
arly available laboratory markers to increase prediction accuracy.
ence, we hope that in the future we will be able to give reliable
utcome estimations for non-witnessed out-of-hospital cardiac
rrests as well.Our study has several limitations. First, our score was  validated
nternally by a holdout strategy and not externally. Although from
he literature it is known that an n-fold cross-validation leads to>40 90%
unbiased estimates of model performance, it is still important that
our prediction score will be validated by other institutions before
usage in routine clinical practice.21 Second, the data were collected
over a period of time in the context of evolving guidelines. Thus,
medical treatment could have affected the outcomes and conse-
quently might affect the accuracy of our score. Third, since only
cases with all available variables were considered, a resulting selec-
tion bias might have slightly skewed the results. On the other
hand, however, our score is only applicable for cases with available
variable values and thus such a bias can be considered minimal.
Additionally, we  performed a pre-selection of variables presumed
to have predictive power regarding outcome.
5. Conclusion
A valid and robust survival prediction score for out-of-hospital
cardiac arrest patients has been developed. Due to its accuracy and
applicability, our prediction tool can supply physicians with critical
information at a very early stage, and we hope that it will ﬁnd its
way into clinical practice.
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